Abstract
Introduction
Thymomas originate from epithelial cells of the thymus [1] , and are the most common primary neoplasm in the anterior mediastinum, representing 47-50% of all anterior mediastinal tumors [2] [3] [4] . For tumor staging of thymomas, Masaoka-Koga staging is most commonly used since it has been shown to be well correlated with patients' survival. Accordingly, treatment plans have also generally been determined using this staging system [5] . The Masaoka-Koga staging system is based on gross and microscopic invasion of thymomas into adjacent structures, i.e., stage I tumors designate completely encapsulated tumors; stage II tumors show only microscopic invasion into capsules (IIa) or macroscopic invasion into perithymic fat (IIb); and stage III tumors invade neighboring organs such as the pericardium, great vessel, or lung. Stage IV tumors show metastasis, which can be limited to pleural or pericardial dissemination (IVa) or lymphatic or hematogenous metastasis (IVb).
Pre-operative differentiation of encapsulated thymomas (Masaoka-Koga stage I) from invasive thymomas (equal to or greater than Masaoka-Koga stage II) has an important clinical significance in that it guarantees complete resection without potential seeding and allows surgical planning such as minimally invasive surgery. Moreover, it can help to predict excellent prognosis in patients with encapsulated thymomas. In fact, there have been many studies in which preoperative CT morphologies of thymomas could be used as differentiators of encapsulated from invasive thymomas, including tumor shape, irregularity of tumor contour, hemorrhage, necrosis, and cystic change [1, 2, [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] [15] . However, despite of the usefulness of these morphologic features, there exists primary concern regarding visually-determined features owing to potential interpretation variability between observers and even within the same observer.
In this context, computer-aided quantitative three-dimensional (3D) shape analysis can be a promising differentiating tool as it can provide a more detailed and, importantly, reproducible quantitative assessment of lesion characteristics compared to visual analysis by human observers. To our knowledge, however, there have been no studies evaluating the usefulness of quantitative 3D shape features in differentiating encapsulated from invasive thymomas. Thus, the purpose of this study was to investigate the added value of quantitative 3D shape analysis to clinical and CT features in differentiating encapsulated from invasive thymomas.
Subjects and Materials and Methods
This retrospective study was approved by the institutional review board of Seoul National University Hospital (IRB number: 1406-008-585) and the requirement for informed consents was waived.
Study population
One author (J.H.L.) searched the electronic medical records and the radiology information systems of our hospital, and found 255 patients who had undergone surgical resection for thymomas in our institution between February 2002 and October 2013. We selected all cases that met the following criteria: 1) Patients with pathologically-confirmed thymomas via surgical resection; 2) patients without a history of chemotherapy or radiation therapy prior to surgical resection of thymomas; and 3) patients who had available preoperative thin-slice chest CT images with a slice thickness 2.5 mm. A total of 202 patients were excluded due to the following reasons: Patients who had 1) preoperative chest CT for thymoma with a slice thickness >2.5mm (n = 123) or 2) history of neoadjuvant chemotherapy or radiation therapy (n = 62) or 3) surgical resection at outside hospital without detailed surgical or pathological reports (n = 17). Finally, a total of 53 patients (mean age, 53.94 ± 13.13 years; range, 22-84 years) with 53 thymomas were included in this study. Among these 53 patients, 25 were men ( [5, [11] [12] .
CT technique and image acquisition
Forty-nine patients underwent preoperative CT scans with 75-90 ml of nonionic iodinated contrast material (370 mg I/mL Iopromide; Ultravist 370; Bayer Shering Pharma AG, Berlin, Germany), while 4 underwent preoperative CT scans without contrast material. All CT examinations were performed using one of six available CT scanners: Sensation-16, Somatom Definition (Siemens Medical Systems, Erlangen, Germany), Brilliance-64, Ingenuity (Phillips Medical Systems, Best, The Netherlands), and Discovery CT750 HD, LightSpeed Ultra (GE Healthcare, Milwaukee, WI, USA). Scanning parameters for chest CT were as follows: detector collimation, 1.0-1.25 mm; beam pitch, 0.75-1.0; reconstruction slice thickness, 0.7-2.5 mm (0.7 mm (n = 1), 1.0 mm (n = 28), 1.25 mm (n = 22), 1.5 mm (n = 1), 2.5 mm (n = 1)); reconstruction interval, 1.0-1.25 mm; rotation time, 0.4-0.5 s; tube voltage, 120 kVp; tube current, 40-120 mAs; and reconstruction kernel, a sharp reconstruction algorithm. All CT scans were performed during patients' inspiration in the supine position.
The mean time interval between preoperative CT scans and surgical resections was 13.91 ± 13.63 days (range, 1-58 days).
Image interpretation and computerized 3D shape analysis
Characteristic CT image features of thymomas were reviewed in terms of tumor size, cystic change, and calcification. Cystic change was designated when there were definite focal circumscribed areas of low attenuation within tumors on CTs [11, 12] . In addition, each thymoma was manually segmented from surrounding structures on all CT images containing tumors, and their 3D shape features were automatically calculated using an in-house developed software program (Fig 1) [16] . Manual segmentation of the 53 thymomas was performed by one radiologist (J. H. L with 2 years of experience in chest CT) and confirmed by one chest radiologist (C. M. P. with 15 years of experience in chest CT). Quantitative 3D shape features included: (a) log_volume, (b) surface area (cm 2 ), (c) sphericity, (d) discrete compactness, and (e) 3D
roundness. We used natural logarithms (log_volume) of tumor volume instead of tumor volume as the data of natural logarithms of tumor volume follows a normal distribution according to the Kolmogorov-Smirnov test. The formulas as well as further detailed explanation of these 3D shape features are provided in S1 File. For inter-observer variability, 16 thymomas were randomly selected. The sample size calculation in this variability test was based on the ability to establish correlation coefficient of at least 0.60 (probability of type I error (α), 0.05; power, 0.8). Thereafter, another radiologist (J. S. B. with 2 years of experience in chest CT) independently performed manual segmentation of the selected 16 thymomas (8 encapsulated and 8 invasive thymomas) for this inter-observer test. Finally, inter-observer variability of 3D shape features obtained with manual segmentation was investigated using intraclass correlation coefficients (ICC) (agreement) [17] [18] [19] [20] . ICC of < 0.40, signified poor agreement; 0.41-0.60, moderate agreement; 0.61-0.80, good agreement; and 0.81 or greater, excellent agreement [21] .
Statistical analyses
To identify significant differentiating variables between encapsulated and invasive thymomas, univariate analyses were performed using Pearson's chi-square test, Fisher's exact test and Student's t-test, as appropriate. Subsequent binary logistic regression analysis was performed to evaluate independent differentiating factors. In total, three separate logistic regressions were performed: 1) clinical and CT features alone, 2) 3D shape features alone, and 3) combination of clinical, CT and 3D shape features. In binary logistic regression analysis, variables with a Pvalue < 0.1 at univariate analysis were used as input variables for each model, and backward stepwise selection mode was employed with iterative entry of variables based on test results (p < 0.05). The removal of variables was based on likelihood ratio statistics with a probability of 0.10.
Three binary logistic regression models using backward stepwise selection mode were used to build a differentiating models of encapsulated from invasive thymomas. Significant differentiators were used as input data for these three models, respectively. We utilized the leave-oneout cross-validation method to train and test our binary logistic regression models. The leaveone-out cross-validation method is an extreme form of the k-fold cross-validation method, and all subjects except one are used as the training set and excepted one is used for testing set for the model. The algorithm continues iteratively with each subject in the cohort until all subjects are used exactly once for testing [21] . Receiver operating characteristic curve (ROC) analysis [22] were performed to determine the differentiating performance of three established logistic regression models, and their differentiating performances were compared to assess the significant added value of 3D shape features in differentiating encapsulated from invasive thymomas.
All statistical analyses were performed using SPSS ver. 20.0 (SPSS Inc., Chicago, IL, USA), MedCalc ver. 12.0 (MedCalc Software, Mariakerke, Belgium), and STATA ver. 12.0 (College Station, Tex).
Results

Patient and Disease Characteristics
Among the 53 patients, 11 patients (2 with encapsulated thymomas; 9 with invasive thymomas) complained of symptoms such as chest pain and cough, and 11 patients (4 with encapsulated thymomas; 7 with invasive thymomas) were diagnosed with myasthenia gravis.
Analysis of CT features and 3D shape analysis
Nineteen thymomas showed cystic change (3 encapsulated thymomas; 16 invasive thymomas) and 11 thymomas showed internal calcification (4 encapsulated thymomas; 7 invasive thymomas).
On univariate analysis, significant differences were observed in cystic change (encapsulated thymomas, 3/23; invasive thymomas, 16/30; p = 0.004), sphericity (0.677 vs. 0.604; p = 0.016), and discrete compactness (0.825 vs. 0.691; p = 0.001). The results of univariate analysis discriminating encapsulated from invasive thymomas are summarized in Tables 1 and 2 (Fig 2) .
Subsequent binary logistic regression analysis with all significant input variables of clinical, CT features, and 3D shape revealed that absence of cystic change (adjusted odds ratio (OR) = 6.636; p = 0.015) and higher discrete compactness (OR = 77.775; p = 0.012) were significant discriminating factors of encapsulated from invasive thymomas ( Table 3) . As for multicollinearity, there were no variables which showed variance inflator factor (VIF) more than 10.
Finally, ROC analyses revealed that the addition of 3D shape analysis to CT features (AUC, 0.955; 95% CI, 0.935-0.975) provided significantly higher discriminating performance than clinical and CT features alone (AUC, 0.666; 95% CI, 0.626-0.707) (difference between AUC values, 0.289; p < 0.001). For reference, ROC analysis with 3D shape analysis alone showed an AUC of 0.896 (95% CI, 0.868-0.923) (Fig 3) .
Inter-observer variability analysis of 3D shape features
The results of inter-observer variability for 3D shape feature analysis between the two radiologists are presented in Table 4 . All 3D shape features calculated from two different sets of ROIs independently segmented by two radiologists showed excellent agreement (ICC range, 0.936-0.994).
Discussion
The Masaoka-Koga staging system is based on the degree of thymomas' invasiveness and has been widely used since it has been reported to be well correlated with prognosis and utilized to dictate treatment planning [5] . There have been many attempts to identify variables able to differentiate encapsulated from invasive thymomas prior to treatment in the radiologic field [1, 10, 13]. Tomiyama, et al. [10] reported CT features of thymomas in 50 patients and suggested that invasive thymomas were more likely to have a cystic or necrotic portion, calcification, a lobulated or irregular contour and larger size than encapsulated thymomas. Priola, et al. [13] also reported that invasive thymomas had significantly larger size, more lobulated or irregular contours, cystic or necrotic portions, and foci of calcifications than encapsulated thymomas. These two studies also suggested that partial or complete obliteration of fat planes around the tumor was not helpful in distinguishing invasive from encapsulated thymomas. In another study, Qu, et al. [1] suggested that the invasiveness of thymomas were significantly associated with variables such as tumor size, irregular shape, uneven density, incompleteness of capsules, or involvement of surrounding tissues. However, visual shape analysis including that of the tumor contour is subjective and thus susceptible to inter or intra-observer interpretation variability, warranting a need for an objective and reproducible method in evaluating the shape of thymomas.
In the present study, we adopted computerized 3D shape features such as sphericity, discrete compactness and roundness of thymomas and found that encapsulated thymomas showed significantly different values in terms of sphericity (p = 0.016) and discrete compactness (p = 0.001) as well as cystic change (p = 0.004) from invasive thymomas. Subsequent binary logistic regression analysis confirmed that higher discrete compactness (OR = 77.775; p = 0.012) as well as the absence of cystic change (OR = 6.636; p = 0.015) were independent discriminators of encapsulated from invasive thymomas. In addition, ROC analyses revealed that a combination of 3D shape features and conventional clinical and CT features significantly enhanced the discriminating performance of encapsulated from invasive thymomas (AUC, 0.955; 95% CI, 0.935-0.975) compared with clinical and CT features alone (AUC, 0.666; 95% CI, 0.626-0.707) (difference between AUC values, 0.289; p < 0.001).
The discrete compactness of an object is defined as the ratio between the actual contact surface area and the theoretically calculated maximum contact surface area [23] . In other words, to obtain a constant value of volume for an object, an increased value of the actual contact surface of an object provides higher discrete compactness. Intuitively, the increased value of the actual contact surface is proportional to the circularity of the object, representing higher discrete compactness. Thus, it is not surprising that encapsulated thymomas have higher values of discrete compactness, compared with invasive thymomas, which tend to show lobulated or irregular contours more frequently than encapsulated thymomas owing to invasion beyond the tumor's capsule. Indeed, Braumann et al. [16] suggested in their study that discrete compactness was correlated with the invasion of uterine cervical carcinoma. Sphericity, on the other hand, did not turn out to be an independent differentiating feature of encapsulated thymomas from invasive thymomas according to binary logistic regression analysis even though encapsulated thymomas showed significantly higher sphericities than invasive thymomas on univariate analysis. As sphericity of the tumor can be correlated with contour irregularity or lobulation and it is known that invasive thymomas have significantly more lobulated or irregular contours [1, 10, 13] , further research with a larger study population is warranted to determine the relationship between sphericity and the invasiveness of thymomas with high confidence. We also found that a combination of 3D shape features, particularly discrete compactness, and conventional clinical and CT features significantly enhanced the discriminating performance of encapsulated from invasive thymomas. With the use of this 3D shape feature, more precise preoperative staging may be accomplished and many clinicians can precisely distinguish patients who can have surgical resection without preoperative chemotherapy from patients who must undergo preoperative chemotherapy prior to surgical resection. In addition, with the precise diagnosis of encapsulated thymomas, minimally invasive surgery such as video-assisted thoracic surgery can be planned more confidently without concern of incomplete resection or pleural seeding.
We believe that standardization of image acquisition and maintenance of analyzable image quality, as well as selection of robust shape features, can be critical for this kind of computerized analytic method because it can be substantially influenced by image quality (e.g., spatial resolution, motion artifact due to respiration and heart pulsation, and image blurring) and various scan parameters. We believe that the utilization of raw imaging data without processing or normalization may be one of way overcoming obstacles related to variability and standardization issues [24] .
Our study had several limitations. First, our study was of retrospective design, and thus was susceptible to potential selection bias. Second, the relatively small number of our study population might have limited the significance of other 3D shape features such as sphericity. Further studies with larger study populations are warranted to confirm our results. Thirdly, 3D shape feature analysis was performed, based on data from a number of different CT systems and image acquisition settings instead of uniformly controlled CT system and image acquisition setting. In this circumstance, the measured values of 3D shape feature analysis may be influenced by different scan parameters. Fourthly, the performance of our logistic regression model may be overly optimistic due to the potential over-fitting of model and lack of separate validation set, even though we utilized leave-one-out cross-validation method to overcome this limitation and to improve generalizability of the model. We hope further external validation studies could confirm our findings. Fifthly, 3D shape features in the present study were extracted from the results of manual segmentation by radiologists, which can be potentially influenced by observers' subjective trends. However, fortunately, inter-observer variability tests in our study revealed that each 3D shape feature showed very excellent agreement between observers. Nevertheless, we believe that a reliable and robust automatic boundary extraction method can obviate this variability issue and enhance the clinical applicability of 3D shape analysis in daily clinical practice.
In conclusion, the addition of quantitative analysis of 3D shape features, particularly discrete compactness, to CT features provides higher predictive performance in the differentiation of encapsulated thymomas from invasive thymomas.
Supporting Information S1 File. Formulas used to obtain quantitative 3D shape features. Tumor volume, Surface area, Sphericity, Discrete compactness, and 3D roundness. (DOCX)
